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The detectability of invasive organisms influences the costs and benefits of alternative 
control strategies, and the feasibility of eradicating an infestation. Search theory 
offers a mathematically rigorous framework for defining and measuring detectability, 
taking account of searcher ability, biological factors and the search environment. To 
demonstrate the application of search theory to invasive species control, invasive 
species detectability is incorporated into a population simulation model. The model is 
applied to a base set of parameter values that represent reasonable values for a 
hypothetical weed. The analysis shows the effects of detectability and search time on 
the duration of an eradication program. Furthermore, for a given level of detectability 
and search time, the analysis shows that the variables with the greatest influence on 
the duration of the eradication effort are search speed, kill efficiency and seed 
longevity. A series of Monte Carlo simulations are performed on a set of five 
scenarios, involving different combinations of plant longevity, seed longevity and 
plant fecundity. Results of these simulations are presented as probability distributions 
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Invasive species are recognised as one of the main threats to global biodiversity 
(Vitousek, 1996), and also are responsible for large economic losses, for example, in 
agriculture (Liebman et al., 2001) and commercial forestry (Liebhold et al., 1995). 
There has been a recent emphasis on modelling the spread of invaders to assist in 
mitigating the ecological and commercial impacts of biological invasions. This is 
justified because, despite the inevitable simplifications necessitated by our limited 
understanding of pest dynamics, modelling allows us to make best estimates of which 
strategies are likely to be most effective in slowing or reversing the spread of invaders.  
Regarding invasive plants, most models developed to date focus primarily on 
determining the factors influencing whether particular weeds are likely to become 
established at particular locations (Grevstad, 1999, Snyder, 2003), and factors that 
influence the subsequent rate of spread of established species (Lonsdale, 1993; 
Thomson et al., 1993; Grice, 1996; Higgins and Richardson, 1996; Higgins et al., 
1996, 2001).  More recently, sophisticated methods have been developed to simulate 
weed dynamics under alternative control strategies, involving the use of chemical, 
mechanical and/or biological control options (Wadsworth et al., 2001).  Economic 
data have been incorporated into such models, allowing efficient control strategies to 
be identified that maximise the net benefits from using available control resources.  
Perhaps the main limitation of the biological invasion models developed to date is that 
such models do not consider the detectability of invading organisms. It is possible that 
organisms will be overlooked when searching for weeds, and the overlooked 
organisms may influence invasion dynamics.  For example, organisms existing at low 
densities may not be observed until after they have set seed, causing an increase in the 
seedbank that may require decades to eradicate. Reasons for overlooking weeds 
include features related to the individual plants (for example, its size and colour), 
spatial arrangement of weeds (for example, their density and degree of spatial 
clustering), environmental conditions (for example, the size and density of native 
plants and topographic features of the landscape that can hide weeds) or searcher 
ability (speed of movement by the searcher, her visual acuity, interest, boredom and 
fatigue, and the technology used in the search).  
Given that we can rarely be certain that all weed organisms have been detected and 
removed from a site, it is necessary to make probabilistic statements about the 
proportion of weeds likely to have been detected and removed.  In order to determine 
optimal levels of search effort, and more generally to include detectability in weed 
decision models, objective estimates are required of the proportion of weeds likely to 
be detected in a given site using a given amount of resources. The probability of 
detection (POD) is a function of how easy or difficult it is to detect the weeds , the  
level of effort, and the size of the invaded site.   
Weed management planners typically know a great deal about the weeds they are 
searching for, the resources available to search, and the difficulties likely to be faced 
by searchers in finding weeds in particular environments, however, they do not have 
an objective method of quantifying the degree of difficulty searchers will have in 
detecting different proportions of weeds.  Search theory, a branch of operations 4 
 
research, provides a basis for estimating the proportion of weeds detected by a given 
search program.  The theory stems from the study of Koopman (1946).  One of the 
features of the theory is a simple measure for quantifying detectability called the 
“effective sweep width” (ESW). This is a single value that accounts for the combined 
effects of environmental factors, weed morphology and spatial arrangement and 
searcher ability. Provided that practical methods can be developed that allow ESW to 
be estimated at reasonable cost, this concept has great potential to assist pre-search 
weed management planning and post-search evaluation of weed-control programs. 
This paper presents a brief explanation of search theory and the associated formulas 
for detection, coverage and mortality that are later incorporated into a population 
simulation model. The population dynamics are described based on a stage matrix that 
determines the spread of the weed invasion under alternative search and control 
strategies. The eradication effort is analysed using deterministic and stochastic 
simulations to understand how the eradication effort is influenced by factors such as 
detectability of the weed, search time, search speed, seed longevity and plant 
fecundity.  
Method 
Search and control 
Search theory provides a basis for estimating the proportion of targets detected by a 
search program.  The theory has successfully been applied to a wide range of 
problems, including the search for enemies and allies by the US Military during the 
Second World War (Koopman, 1946, 1980), the search for explosive mines (Gage, 
1993; Cerutti et al, 2000), and search and rescue problems (Cooper et al., 2003; Frost, 
2001).  A key feature of the theory is the coverage paradigm, in which a sensor is 
applied to an extended physical space. The key parameters of search are the 
sensitivity of the sensor relative to the known or expected density of targets, the 
perceptual range of the sensor, and the environment in which targets are arranged. 
Collectively, these parameters determine the outcome of search, expressed in terms 
that are relevant to the overall objectives of the search program, such as the expected 































Figure 1. The detection function with random sweeping (solid line), equation (1), compared with 
the performance of a perfect sensor (dotted line). 5 
 
Detection curves typically represent the proportion of targets detected (or the 
probability of detecting a single target) as a function of coverage (Figure 1). A perfect 
searcher (illustrated by a dotted line in Figure 1) can detect all targets once the entire 
searchable area is swept perfectly (i.e., with no overlap among search paths). Thus, a 
single sweep of the area is all that is required to solve the search problem. This is not 
the case for weed detection, even if all above ground organisms could be detected in a 
single sweep, seeds in the seedbank would remain undetected. Thus, sweeps must be 
repeated over time and the random search curve (solid line in Figure 1) is a more 
appropriate representation of the process. 
The probability of detection (P) for random sweeping is given by: 
C e P
− − =1  (1) 
where coverage (C) is defined as the ratio of the area effectively swept over the total 





=  (2) 
 
The area effectively swept depends on the effort applied and the efficiency per unit of 
effort. E is the distance traversed in the search area (or time searching × average 
speed), and ESW is the effective sweep width, which is a measure of the detection 
capability of the searcher taking into account target characteristics and environmental 
conditions.  
Effort (E) is defined as: 
A T S E × × =  (3)   
where S is the speed of the searcher and T is the time spent searching per hectare of  
area invaded. ESW can be calculated based on the detection profile; a representation 
of the searcher’s performance showing the probability that the target will be detected 
as a function of its lateral distance from the searcher (Figure 2).  The underlying 
assumption is that the searcher detects a higher proportion of the targets that are close 
to the search path than those which are further away from the search path. The 
efficiency of search per unit of distance covered is given by the area under the curve 













































Figure 2. A typical detection profile 
 
A perfect searcher can detect all targets once the entire searchable area is swept. This 
would be represented by a rectangular detection profile with height 1. The detection 
profile depends on the characteristics of the target weed and the characteristics of the 
environment in which the weed is spreading.  
An important property of the exponential (random) detection function (1) is that the 
shape of the detection profile does not affect P. For simplicity we exploit this feature 
of the model and define the detection profile as a triangle with base 2R and height H 
(Figure 3). Where R is the perceptual range (in metres) beyond which weeds cannot 
be detected and H is the height of the detection profile, assumed to be 1.0 for a 





































Figure 3. Simplified detection profile used in this study (solid line). 









 (4) 7 
 
Substituting equations (3) and (4) into equation (2) we obtain a more convenient 
expression for coverage: 
T H R S C × × × =  (5) 
As discussed before, the variables that determine the detection profile in Figure 3 (R 
and H) may be affected by the speed and mode of search.  For example, the height of 
the triangle (H) can be less than 1.0 if searching by helicopter or at high speed from a 
vehicle. Below we will assume a searcher walking along the search path who is able 
to detect all the weeds lying directly on the path, so H=1. We will also let R be 
determined exogenously, based on the characteristics of the plant and the environment 
and using a standard search procedure, rather than making R an explicit function of 
speed (S).  
An important property of the exponential detection function (1) is that splitting a 
given amount of effort (S×T) and performing successive (smaller) searches of an area 
always produces the same P as using all the effort to do a single search, provided each 
search is uniformly distributed over the whole area. This simplifies modelling of the 
eradication program.    
Given the high cost of search, we assume that all weeds found are killed, or an 
attempt is made to kill all of them subject to the effectiveness of the control method 
used. The mortality caused by the search and control effort is: 
K P M × =  (6)   
Where K is the “kill rate” expressed as the proportion of targeted organisms that die 
each time control is applied.  
In summary, assuming a walking searcher with H=1, the weed mortality caused by the 
search and control program is: 
  ( ) ( ) K e M
T R S × − =
× × − 1  (7) 
Population Dynamics 
The spread of the weed invasion was modelled using an age-structured (stage) matrix. 
The structure of the population at any time t is described by vector xt, which contains 
























x  (8) 
The minimum number of stages is four, representing new seeds, seedbank, juveniles 
and adults. Additional juvenile stages are used for weeds that take several years to 
reach maturity. For a weed with 4 stages the progress of the weed invasion is driven 



























F  (9) 
Where fij represents the survival rate, expressed as the proportion of individuals 
currently in stage j that survive into the next time period to become members of stage 
i. Stage 1 represents new seeds, so f14 is the fecundity parameter and the remaining 
rows contain survival parameters. The survival of seeds into the seedbank is 
represented by f21 and f22 and the germination rate is represented by f31 and f32. For 
simplicity, we assume that f21 = f22 and f31 = f32, Oli (2003) has shown that this is an 
acceptable approximation. The reason for distinguishing between new seeds and the 
seedbank is to provide flexibility for future studies based on spatially-explicit spread, 
where dispersal applies to new seeds but not to seeds in the seedbank. For longer-
lived weeds the stage matrix (9) is adjusted by adding rows and columns representing 
additional juvenile stages between seedlings and adults.   
 Population growth is solved by performing the matrix multiplication: 
t t x F x ⋅ = +1  (10) 
Applying this operation repeatedly will result in exponential growth. Density 
dependence is incorporated based on the area occupied per plant. It is assumed that 
population growth becomes zero when the whole area is covered by weeds, and a 
steady state is reached. The transition between exponential growth and the steady 
state is assumed to be linearly related to area covered by plants in stages 3 to n (seeds 
do not contribute to density dependence).   
The model is solved by following these steps: 
1.  Create a stage matrix F and the initial population vector x0 based on the 
current size of the invasion. 
2.  Apply the search/mortality equation (7) to the current population vector. 
3.  Reduce the population xt by the number of weeds killed.  
4.  Account for density dependence by adjusting the stage matrix F based on the 
current area occupied by weeds. 
5.  Estimate new weed population xt+1 using equation (10). 
6.  Increase the time counter (t) and return to step 2 until the invasion is 
eradicated or the time limit is reached.  
Factors that Impede Eradication 
Panetta and Timmins (2004) present a set of factors that impede the eradication of a 
weed invasion. They use these ‘impedance’ factors to assess the effort required to 
eradicate a particular weed invasion. In this section we relate impedance factors to our 9 
 
model, as a first step to developing the tools required for a more formal evaluation of 
invasions based on the concept of impedance. There are ten impedance factors 
classified into four categories.    
Logistic Factors (L) 
Logistic factors include the number of infestations (L1) and the general accessibility 
of the infestation. Accessibility can be split into two components: remoteness of the 
site (L2) and difficulty of traversing the terrain (L3). L3 would affect the speed of 
search (S in equation 7), whereas L1 and L2 would have no direct effect on the 
physical representation of the process, but will affect the cost of eradication. 
Detectability (D) 
The ability to detect a weed depends on its visibility, search effort, experience of the 
searcher and search method (Panetta and Timmins, 2004). There are two detectability 
factors: the extent to which the weed is conspicuous within the matrix of invaded 
vegetation (D1), and the extent to which the plant is detectable prior to reproduction 
(D2). These two factors will affect the perceptual range (R in equation 7).     
Biological characteristics (B)     
There are at least three biological characteristics that affect the eradication effort: 
vegetative fragmentation (B1), the length of pre-reproductive period (B2) and the 
longevity of seed and other propagules (B3). Factor B1 may affect detectability 
through R in equation (7), because small fragments are difficult to spot from a 
distance, but it may also influence K because some fragments will survive the kill 
attempt. Factors B2 and B3 will affect the population-dynamics parameters. Seed 
longevity (B3) is related to germination rate (f31, f32) and seedbank survival (f21, f22); 
whereas the length of pre-reproductive period (B2) affects the number of age groups 
(n) in the model.  
Management (M)     
Management factors are equivalent to the ‘control effectiveness’ category of Panetta 
and Timmins (2004) who state: “The primary consideration relating to management 
tactics is how readily the target species can be killed”. This is represented by the 
number of treatments required to kill the largest individuals (M1), and is also affected 
when more expensive control options are required because of the sensitivity of the 
surrounding environment (M2). Human-mediated dispersal (M3) provides potential 
for containment through barriers and quarantines, which would not be possible under 
wind or bird dispersal. In our model factors M1 and M2 will affect the kill rate (K in 
equation 7). Assessing the effect of M3 requires a spatially-explicit model, where new 
discrete invasions are represented individually, and this factor is not considered 
further in this paper.  
Assumptions 
To implement a working version of the model, requiring as little information as 
possible, the survival of adults (fnn) was assumed to have a value of 1 for perennial 
weeds and 0 for annuals. Seed survival was estimated based on seed longevity (SL)  by 10 
 
considering the number of years required for seed numbers to reach 0.1% of their 
original size. 
L S f f
− = = 001 . 0 22 21  (11) 
The model was solved for various combinations of parameter values; changing 
selected parameters while keeping others at their base values (Table 1).  
Table 1. Parameter values in base-case simulations 
Parameter   Value  Description 
T   1  Time searching (hr ha
-1) 
S  1,000  Speed of search (m h
-1) 
R   20  Perceptual range (m) 
H  1.0 Probability  of  finding  weeds on the search path 
K  0.95  Efficiency of control agent 
f31, f32 0.05  Germination  rate 
f43 0.02  Juvenile  survival 
f1n 1500  Fecundity 
MT  2 Time  to  maturity  (y) 
SL  5  Seed longevity (y) 
General analysis of the eradication effort was first undertaken using the deterministic 
model described above. This allowed us to understand the relationships between 
impedance factors and the number of years required to eradicate an invasion. Two 
sources of variation were considered for stochastic simulation. The variation 
associated with the search and control effort was represented by converting K and P 
into random variables. These variables were assumed to be normally distributed with 
mean µ and standard deviation 0.2µ; where µ represents either the mean detection rate 
(P), estimated from equation (1),  or the mean control effectiveness (K). The value 
used for the standard deviation assumes that the coefficient of variation is constant at 
0.2. Since both P and K represent proportions, the normal distributions were truncated 
to lie in the interval (0,1). Monte Carlo simulations were undertaken for 1000 





Figure 4 shows seedbank time trajectories associated with an invasion consisting of 
1000 mature plants per ha when discovered. With a search time (T) of 0.2 hr ha
-1 the 
seedbank is not controlled and therefore the invasion is never eradicated. When T is 
0.5 hr ha
-1 or greater the seedbank is eliminated within 25 years or less. Figure 4 
illustrates the strategy used in the analysis presented below. A series of 100-year 
simulations were run for different combinations of parameters, if the invasion was 
eradicated within 100 years, the year of eradication was stored and used for further 
analysis. If the invasion was not eradicated within 100 years, it was deemed to be 



































Figure 4. Effect of search time on the rate of depletion of the seedbank  
Figure 5 presents the effect of selected model parameters on the number of years 
required to eradicate the invasion with T=1 and R=20 (see Table 1). Given the fixed 
values of T and R, the variables with the most influence on the duration of the 
eradication program are search speed (Figure 5A) and kill efficiency (Figure 5D), 
with strong negative relationships especially at low values of the independent 
variables. This means that difficult terrain (represented by impedance factor L3) and 
the availability of effective control methods (M1 and M2), have a strong influence on 
the success of the eradication program. Duration of the eradication program is directly 
related to seed longevity. An increase in seed longevity from 5 to 20 years increases 
the duration of the eradication effort from 17 to 52 years (Figure 5C). The pre-
reproductive period of the weed (years to maturity) does not seem to have much 
influence on the time to eradication (Figure 5B), especially for pre-reproductive 
periods of two years and longer. According to ecologists, the pre-reproductive period 
is an important factor affecting the invasiveness of plants (i.e. Rejmanek and 
Richardson, 1996). This factor did not influence our results because simulations were 
started with an invasion that contains mature plants, which implies that a seedbank 
already exists. This means that the window of opportunity where a weed invasion is 
eradicated before it produces seed was not simulated.  
Panetta and Timmins (2004) mention that a crew of 4 people would cover 4-15 ha in 7 
hours depending on vegetation, terrain and the number of plants found and controlled. 
This is equivalent to between 1.9 hr ha
-1 and 7 hr ha
-1 (note that hr represents person-
hours). Unfortunately, this measure cannot be directly represented by increasing 
search time (T) in our model, because the speed of search (S) decreases in difficult 
terrain, and the increase in search time mentioned above (from 1.9 to 7 hr) may be a 
response to decreased speed in an attempt to maintain constant coverage. In other 
words, in a search program, T and S would move in different directions in equation (5) 
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Figure 5. Effect of selected parameters on the time required to eradicate a weed invasion. Keys in 























































Figure 6. The combined effects of search time (T) and perceptual range (R) on the time required to 
eradicate a weed invasion. The top plateau represents cases where eradication was not possible 
within 100 years.  
Figure 6 shows how the duration of the eradication program is affected by R and T. 
As R decreases, T must be increased to achieve eradication in a given number of years. 
For example, if the goal is to eradicate the invasion in 20 years and R is 20m, then T 13 
 
should be set at 0.85hr ha
-1; however if R is 10m then T must be increased to 1.70hr 
ha 
-1 to attain the target eradication time.  
The above discussion suggests that T is the most obvious control variable in a 
decision model, as it can easily be adjusted in response to changes in perceptual range 
and speed of search caused by the terrain, type of weed, and search mode used.  
Stochastic Simulations 
Monte Carlo analysis was undertaken by running a series of simulations using random 
numbers and normal distributions as explained earlier. Five scenarios were used 
(Table 2). Scenario 1 represents an annual weed and Scenarios 2 to 5 represent 
perennial weeds that differ in terms of pre-reproductive period (time to maturity), 
seed longevity and fecundity. A total of 1000 iterations, each representing 100 years, 
were run for each Scenario. The probabilities of eradication were tested for two levels 
of search effort (T=0.5 and T=1). 












1 annual  1 5 1000 
2 perennial 1  5  1000 
3 perennial 1 10  1000 
4 perennial 3  5  1000 
5 perennial 1  5  100 
Summary statistics for 10 simulations are presented in Table 3. With a search effort of 
0.50 hr ha
-1, the annual weed (Scenario 1) would require an average of 37 years to be 
eradicated, but the length of the eradication effort could be reduced to 20 years if the 
search effort is increased to 1 hr ha
-1. Similar patterns are observed for the perennial 
weeds (Scenarios 2 to 5). The perennial weed in Scenario 3 is the most difficult to 
eradicate; when T = 0.5 the invasion is not eradicated within 100 years, but increasing 
search time to T=1 achieves eradication within 39 years. This result reiterates the 
importance of seed longevity, as the weed in Scenario 3 has a seed longevity of 10 
years compared to 5 years in the other scenarios. 
Table 3. Summary statistics of Monte Carlo simulations with 1000 iterations at two levels of search 
effort, figures represent years required to eradicate the invasion 














1  37.0 2.8  7.6    20.1 2.3 11.5 
2  71.5 9.8 13.6    23.6 3.6 15.1 
3  >100  -  -   39.2 4.4 11.1 
4  27.1 2.5  9.2    15.1 1.7 11.1 
5  22.5 2.0  8.9    13.6 1.5 10.9 14 
 
Increasing the search effort not only reduces the years to eradication but also reduces 
the standard deviation (SD) of the results. With T=0.5 the SD ranges between 2 and 
9.8 years, decreasing to between 1.5 and 4.4 years when T=1 (Table 3). This reduction 
in variability is also illustrated in Figure 7, where the probability distributions become 
thinner as T is increased from 0.5 to 1.  
























(A) Annual, T=0.5 (B) Perennial, T=0.5
(C) Annual, T=1 (D) Perennial, T=1
























Figure 7. Eradication probabilities for Scenarios 1 (annual) and 2 (perennial) with two different 
search times 
 
In general it appears that a perennial plant would be more difficult to eradicate than an 
annual plant (Figure 7). With T=0.5, the annual plant would require between 30 and 
50 years to be eradicated (Figure 7A), whereas the perennial plant would require 
between 40 and 100 years (Figure 7B). However, these simulations assume that the 
perceptual range is equal for both plants. If the annual plant is smaller than the 
perennial plant, and therefore less detectable, the perceptual range (R) would need to 
be adjusted accordingly. 
When search effort is kept constant (at T=1.0), doubling seed longevity from 5 to 10 
years causes the eradication probability distribution to shift to the right and become 
more variable (compare Figures 8A and 8B). Delaying the onset of maturity from 1 to 
3 years, or reducing fecundity from 1000 to 100 viable seeds per plant, both shift the 
probability distribution to the left and reduce the variability (Figures 8C and 8D).  15 
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Figure 8. Eradication probabilities for perennial plants with T=1.0 
Discussion  
A convenient feature of our model is that the search effort can be expressed in terms 
of search and control time per year, with no regard for whether this time represents a 
large mission once a year or a series of small missions spread throughout the year. 
This is possible because of the nature of the exponential search function (1). However, 
this simplifying assumption will be invalidated once economic evaluation of the 
program is undertaken, because each search mission is associated with certain costs, 
such as transportation of the crew to the site of the invasion. So, for any given annual 
effort, it will be more costly to have several small missions than one large mission; 
particularly in remote places. 
Harris et al. (2001) used an expert workshop to determine the visibility of different 
types of weeds in different environments in New Zealand. They defined visibility as 
the distance over which weeds can be found with 80% reliability. Converting their 
results into estimates of perceptual range (R) using our triangular detection profile, we 
obtain a range of 5m for ground creepers in forest to 100m for tall weeds in open 
habitats. 
The problem of estimating detectability in reliable and cost-effective fashion has long 
been recognised in the search and rescue literature. A recent example is the study of 
Robe and Frost (2002), which presents an innovative method for estimating the 
effective sweep width (ESW) using low-cost experimental techniques. A key aspect of 
the method is to place targets in quasi-random fashion along either side of a search 16 
 
path in the actual search environment. The maximum detection range, beyond which 
no targets are detected, is determined by searchers moving towards or away from the 
search object at stipulated angles of approach/retreat. ESW is computed by plotting 
the cumulative detection and non-detection outcomes of the experiments against the 
lateral distance between searcher and target. Robe and Frost (2002) have noted that 
that ESW is usually less than the average maximum detection range. 
In the present study, we demonstrate how ESW and other concepts drawn from search 
theory can be applied to weed-control problems. The potential to use search theory to 
improve the efficiency of invasive species management is promising, but its success 
depends partly on whether detectability can be estimated at reasonable cost, and 
whether the methods of estimating detectability are reliable, repeatable, and accurate. 
Our results were obtained with arbitrary parameter values, not related to any 
particular weed or location. Although the scenarios simulated are plausible for a 
number of weed types it is important to now start a process of validation of the model 
by measuring perceptual range empirically, simulating actual weeds, and subjecting 
results to scrutiny by experts involved in eradication programs. 
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